Abstract: This work considers the parameter and state estimation of a low-order model of anaerobic digestion of cattle dung. First, on the basis of a previously identified parameter set, partial parameter estimation with laboratory experimental data is performed. A modern numerical sensitivity analysis, to our knowledge not used for microbial biotechnology models so far, is a successful part of the estimation procedure. Second, the estimation results are validated with pilot-scale experimental data and can be considered satisfactory. Third, state estimation of the main AD variables is made via H-infinity filtering.
INTRODUCTION
Anaerobic digestion (AD) is a process of organic matter mineralization by microorganisms into biogas (mainly methane and carbon dioxide) and digestate in the absence of oxygen (Deublein, 2008) . The products of this process are of arising energetic and ecological significance.
Many mathematical models of this at times unstable process in continuous stirred tank bioreactors are known (Simeonov, 2010; Dochain and Vanrolleghem, 2001 ). Most models developed recently are complex nonlinear sets of high-order ordinary differential equations with a great number of unknown parameters, which makes them hard applicable for control purposes. The estimation of these parameters is a very difficult task (Simeonov, 2010; Galava et al., 2003) . Quite often one obtains only local solutions and it is impossible to validate the model in a large domain of experimental conditions. Moreover, it is practically impossible to measure online the main process variables-concentrations of the different populations of microorganisms and their intermediate substrates (Dochain and Vanrolleghem, 2001; Simeonov, 2010) .
Therefore, the choice of low-order models, their parameter estimation and the design of software sensors for the immeasurable process variables are important steps toward realisation of sophisticated control algorithms.
The aim of this work is to identify selected (through sensitivity analysis) parameters of a 5 th order nonlinear model of AD from laboratory experimental data, to validate the estimation results in pilot-scale conditions and to design an estimator of the main variables via H-infinity filtering.
EXPERIMENTAL STUDIES

In pilot-scale conditions
Experimental studies of AD of cattle dung have been performed during the start-up of a pilot-scale anaerobic plant (with full volume of the bioreactor of 100 dm 3 ) at mesophilic temperature (34 0 C). The scheme of this pilot plant with a system for monitoring and control is shown on Fig. 1 . On this figure: 1 -bioreactor (BR); 2 -gasholder; 3 -reservoir for digestate, 4 -vessel for substrate; 8, 7, 11, 13, 14, Fig. 2a. Specific daily biogas flow rate evaluation during the experiment described in Table 1 From the specific daily biogas flow rate (Q sp ) evaluation, presented on Fig Fig. 2b. Evaluations of CH 4 and CO 2 in the biogas during the experiment described in Table 1 From the evaluations of CH 4 and CO 2 concentrations in the biogas, presented on Fig. 2b , one may conclude that the ratio CH 4/ CO 2 in the biogas for the above described experiment is practically not sensible to pulse changes of the control input (D) and different values of the concentration of dry matter in the influent (s in ). Therefore, the biogas composition is not taken into consideration in the subsequent parameter and state estimation.
In laboratory conditions
Experimental studies of AD of cattle dung have been performed during the continuous operation of a laboratory anaerobic BR (with full volume of 3 dm 3 ) at mesophilic temperature (34 0 C) with step-wise changes of the dilution rate (D) (shown on Table 2 ) at dry matter concentration in the influent S i =50 g/dm 3 . Experimental data for the specific daily biogas flow rate (Q sp ) from this experiment are presented on Table 2 3. PARAMETER ESTIMATION
Estimation with laboratory data
The estimation conducted here involves as a first step partial numerical sensitivity analysis to rank the yield parameters of a simple fifth-order continuous AD model of practical applicability in order of importance for the variability of the model output -the biogas outflow rate (Q). As a second step, a numerical optimization estimates the first two most important yield model parameters with previously identified initial estimates, using the laboratory data of Table 2 and Fig.3 .
The model description is as follows:
In this mass balance model (1) describes the hydrolysis in a very simple way and the first term reflects the hydrolysis of the diluted organics by acidogenic bacteria, the second termthe influent flow rate of liquid with concentration of the diluted organics i s [g/l] presenting a sum of a known component s in and a noise component w(t); and the third one -the effluent flow rate of liquid. Equation (2) [g/l] ). The mass balance for this substrate is described by (3), where the first term reflects the consumption by the acidogenic bacteria, the second term -the substrate S 1 [g/l] formed as a result of the hydrolysis, and the third one -the substrate S 1 [g/l] in the effluent flow rate of liquid. Equation (4) [g/l] ). In the mass balance equation for acetate (5) the first term reflects the consumption of acetate by the methanogenic bacteria, the second one -the acetate formed as a result of the activity of acidogenic bacteria, and the third one -the acetate in the effluent liquid. The algebraic equation (6) 
where the time domain T includes the two periods of nonstationary Q ; d is the total duration of the two periods. This influence is assessed by two statistical methods: Standardized Regression (SR) and Factor Prioritization by Reduction of Variance (FPRV). These methods are based on generating a representative sample from the parameter space of the above five parameters by the Latin hypercube sampling technique and afterwards calculating the error e for each combination of values of the five parameters in the sample. Generating the sample and applying the methods is performed, using the numerical mathematical software package SaSAT for sensitivity analyses (Hoare et al., 2008) .
The simulation conditions for the numerical sensitivity analysis include: -equilibrium initial condition of the model; -the imprecision of the five parameters is described through the following normal distributions (with sample size of 500) for each of them (supplied in parentheses are a mathematical expectation coinciding with the respective identified model parameter value and a standard deviation of 20%): 
The SR and FPRV sensitivity (at quadratic regression) of the error e with respect to the five coefficients is presented in Table 3 . It may be concluded from it that both methods are with satisfactory trustworthiness in terms of the adjusted coefficient of determination (R 2 ) value and rank the five parameters in one and the same order. Since the first two most important ones are k 1 and k 2 , they will be estimated in the second estimation step described above.
B. Numerical optimization
The constrained nonlinear optimization function fmincon of the Optimization toolbox of Matlab is applied here to estimate the parameters k 1 and k 2 from the above laboratory data in the two periods of non-stationary Q at initial estimates (12) The optimization results are presented in Table 4 . 
Validation with pilot-scale experiments
The optimized parameter values k 1 =18.31 and k 2 =1.19 together with the previously identified parameter values (Simeonov, 2010 ) of the other model parameters are validated with the pilot-scale experimental data presented on Table 1 and Fig. 2a It may be concluded from it that the model tracks the trend in the experimental data changes, although there is no complete correspondence due to the model simplicity for this complicated process. The model with optimized parameters is used hereafter as a basis for designing a finite-horizon H-infinity filter of level g (Hassibi et al., 1999) to estimate the unmeasurable state vector of the AD model. The choice of the H-infinity filter is made to avail of its advantage over the Kalman filter to require no statistical information on random perturbations, which is the case in bioprocess modeling.
Model linearization
A preliminary linearization of the AD model is performed first in the neighbourhood of six trajectories: the known component s in of S i and the corresponding to s in solutions S on (t), X 1n (t), S 1n (t), X 2n (t) and S 2n (t) of the state equations (1) to ( (15)
An additive measurement noise v(t) is supposed to act on the output Q-Q n of the linearized model.
H-infinity filter design
The H-infinity optimal estimate 
where P is the solution of the following Riccati differential equation:
Simulation studies
The H-infinity filter estimates (curves denoted by "est") in comparison with the respective model variables (curves denoted by "m") are shown on Figs. 5 to 9 under the same pilot-scale experimental conditions, given that both w(t) and v(t) are considered in the simulation as zero-mean Gaussian white noises with sample times of 1 day and realistically chosen covariance parameter values corresponding to average relative errors of 10% for w(t) and of 5% for v(t).
The scaling factor e v (t) in (16), (17) and (18) From Figs. 5 to 9 one may conclude that the estimation of intermediate substrates S 0 , S 1 and S 2 (from noisy measurement only of the biogas flow rate) is of high quality, better than that of bacterial concentrations X 1 and X 2 due to specific nonlinearities.
CONCLUSION
A successful partial parameter estimation of a low-order anaerobic digestion model has been performed on the basis of laboratory experimental data (on biogas flow rate) with stepwise changes of dilution rate as the process control input. Modern numerical sensitivity analysis tools as a first step in this estimation have also been applied, to our knowledge for the first time for biotechnological models, and have set the grounds for a successful subsequent constrained nonlinear optimization producing the estimation results. Estimation validation from pilot-scale experimental data has been conducted by another type of control signal -pulse-wise changes of dilution rate, combined with step-wise changes of the organic load, with satisfactory tracking the data by the model with optimized parameters, taking into consideration the model simplicity. Finally, on the basis of the AD model with optimized parameters, an estimator for the main unmeasurable variables via H-infinity filtering has been designed and verified by simulations.
